Abstract: Forest fragmentation, the process of changing original large and intact forest patches into smaller and isolated areas, significantly influences the balance of surface physical environment, biodiversity, and species richness. Sufficient knowledge of forest fragmentation is necessary to maintain ecological balance and promote sustainable resource utilization. This study combines remote sensing, geographical information systems, and landscape metrics to assess forest fragmentation at landscape and pixel levels during different time periods (2000-2005, 2005-2010, and 2010-2015) in the Yingkou region. Spatial statistical analysis is also used to analyze the relationship between forest landscape fragmentation and its determinants (e.g., natural factors, socioeconomic factors, and proximity factors). Results show that forest patches became smaller, subdivided, and isolated during 2010-2015 at the total landscape level. Local changes occurred in the southwest of the study region or around the development area. Our data also indicate that shrinkage and subdivision were the main forest fragmentation processes during three times, and attrition became the main forest fragmentation process from 2010 to 2015. These changes were significantly influenced by natural factors (e.g., elevation and slope), proximity factors (e.g., distance to city and distance to province roads), and socioeconomic factors (e.g., gross domestic product). Results presented in this study provide valuable insights into the pattern and processes of forest fragmentation and present direct implications for the protection and reasonable utilization of forest resources.
Introduction
As one of the most significant natural resources, global forests cover approximately 40 million km 2 [1] . Forests have attracted attention from numerous studies because of the various basic needs they serve [2] , such as providing raw materials for economic activity [3] , regulating surface temperature and precipitation, fixing carbon, and serving as a valuable habitat for wildlife [4] . As humans increasingly consume forest resources and expand agricultural areas, forests become vulnerable to area loss and fragmentation [2] . For example, the total global forested area decreased by 3.1% from 1990 to 2015, with a net loss of 70,000 km 2 per year in tropical countries from 2000 to 2010 [1] . Loss of forests contributes to environmental degradation, reduces biodiversity [4, 5] , and consequently exerts a significant impact on the environmental protection and socioeconomic development [2] . To reverse this situation, the Sustainable Development Goals were widely considered at the United Nations Summit on Sustainable This study adopted remote sensing (RS), geographic information system (GIS), landscape metrics, and spatial statistical analysis to assess the forest fragmentation processes and its driving forces in Yingkou region, northeastern China. Specifically, this study aimed to: (1) accurately characterize the processes of forest landscape fragmentation at pixel level and pattern at landscape level in different time periods; (2) identify the spatial driving factors of forest fragmentation pattern at different scales; and (3) provide several suggestions for land use planning and policies for forest resources management.
Materials and Methods

Study Area
Yingkou region is located in the northwestern part of the Liaodong Peninsula, China. The region covers 5279 km 2 , extending from 39°55′ N to 40°56′ N and from 121°56′ E to 123°02′ E (Figure 1 ). Mountainous areas account for approximately 50% of Yingkou. The topographical distribution is shown in a digital elevation model (30 m; Figure 1 ), which was provided by the Geospatial Data Cloud site, Computer Network Information Center, Chinese Academy of Sciences [32] . The region is mostly characterized by a temperate continental monsoon climate, with an average annual temperature ranging from 8.8 °C to 9.3 °C. The mean annual rainfall is approximately 876-1029 mm. Benefiting from these topographic and climatic features, forests present the dominant land cover type in Yingkou region. From 2000 to 2015, the forest area in the region decreased from 46.45% to 45.15% (Table 1 ). First, atmospheric and topographic corrections were conducted in ENVI5.1 software, and the root mean square error was limited to within 0.5 pixels. Data from 2010 were first interpreted, and the land cover maps for the other years were updated based on these data. The eCognition object-oriented classification and the decision tree were used to make the initial classification [33] , including cropland, forest, urban, water and other land. In this classification, other land comprised grassland, bare land, and so on. A visual interpretation method with Google Earth and land use maps in 2012 and 2014 were then employed to modify the classifications. Approximately 1200 samples from ground survey data and stratified random sampling were selected during a field survey in 2009 to assess the accuracy of the classification. The overall accuracies were approximately 90%, and the Kappa coefficient was 0.8. The accuracies of all four forest landscape maps were also approximately 90%. The amount and distribution of land cover in four years are shown in Table 1 and Figure 2 . Thematic Mapper images  were collected for the years 2000, 2005, and 2010, and Google Earth maps were collected for the years  2000, 2005, 2010, and 2015 . First, atmospheric and topographic corrections were conducted in ENVI5.1 software, and the root mean square error was limited to within 0.5 pixels. Data from 2010 were first interpreted, and the land cover maps for the other years were updated based on these data. The eCognition object-oriented classification and the decision tree were used to make the initial classification [33] , including cropland, forest, urban, water and other land. In this classification, other land comprised grassland, bare land, and so on. A visual interpretation method with Google Earth and land use maps in 2012 and 2014 were then employed to modify the classifications. Approximately 1200 samples from ground survey data and stratified random sampling were selected during a field survey in 2009 to assess the accuracy of the classification. The overall accuracies were approximately 90%, and the Kappa coefficient was 0.8. The accuracies of all four forest landscape maps were also approximately 90%. The amount and distribution of land cover in four years are shown in Table 1 and Figure 2 . Roads (highways, national ways, province ways, and county ways) and rivers were obtained from the historical traffic maps of Liaoning. Maps of Google Earth in 2000, 2005 and 2010 were used to modify the road and river datasets via the visual interpretation method (Figure 3 ). Roads (highways, national ways, province ways, and county ways) and rivers were obtained from the historical traffic maps of Liaoning. Maps of Google Earth in 2000, 2005 and 2010 were used to modify the road and river datasets via the visual interpretation method (Figure 3) . The dataset of the social and economic database (Figure 4 ), contained population and gross domestic product (GDP) data at 1 km × 1 km scale, was provided by Data Center for Resources and Environmental Sciences, Chinese Academy of Sciences [34] . The dataset of the social and economic database (Figure 4 ), contained population and gross domestic product (GDP) data at 1 km × 1 km scale, was provided by Data Center for Resources and Environmental Sciences, Chinese Academy of Sciences [34] . 
Forest Fragmentation Pattern at Landscape Level
In this study, the forest fragmentation pattern at landscape level was described using the following six metrics documented in the related studies of Jaeger (2000) and Liu et al. (2016) : (1) areaweighted mean patch area (AREA_AM); (2) area-weighted shape index (SHAPE_AM); (3) mean Euclidean nearest neighbor index (ENN_MN); (4) landscape division index (DIVISION); (5) effective mesh size (MESH); and (6) splitting index (SPLIT). These six metrics reflect the patch size, shape, isolation, and subdivision, which are closely related to landscape fragmentation. When AREA_AM, SHAPE_AM, and MESH decrease, and ENN_MN, DIVISION, and SPLIT increase, the forest becomes smaller, regular, subdivided and isolated. These metrics were calculated at different scales such as sampling blocks of 2 km × 2 km and 10 km × 10 km, and the complete study area. Each of these metrics was calculated using Fragstats 4.2.
Forest Fragmentation Processes at Pixel Level
This study assessed the processes of landscape fragmentation at pixel level from Forman (1995) and the model of Li and Yang (2015) . Forest patches converted from urban land, cropland, water or other land were regarded as forests in the measurement procedure. The spatial processes of landscape fragmentation, including perforation, subdivision, shrinkage, and attrition, were identified using a modified version of the model by Li and Yang (2015) . Perforation is visible in the original forest patches, while shrinkage and subdivision always occur in the middle phases of landscape change [18] . Attrition occurs in the isolated forest patches. This method detects the spatial relationship between the lost and remaining areas of forest, to identify the different spatial processes of forest fragmentation, which have different impacts on the ecosystem [20] : for example, perforation 
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Forest Fragmentation Processes at Pixel Level
This study assessed the processes of landscape fragmentation at pixel level from Forman (1995) and the model of Li and Yang (2015) . Forest patches converted from urban land, cropland, water or other land were regarded as forests in the measurement procedure. The spatial processes of landscape fragmentation, including perforation, subdivision, shrinkage, and attrition, were identified using a modified version of the model by Li and Yang (2015) . Perforation is visible in the original forest patches, while shrinkage and subdivision always occur in the middle phases of landscape change [18] . Attrition occurs in the isolated forest patches. This method detects the spatial relationship between the lost and remaining areas of forest, to identify the different spatial processes of forest fragmentation, which have different impacts on the ecosystem [20] : for example, perforation and subdivision may result in a decrease in average size and an increase in total boundary length. Shrinkage and attrition Sustainability 2017, 9, 374 7 of 19 may result in a decrease in total boundary length; however, attrition also causes a decrease in patch number [18] .
Driving Factors of Forest Fragmentation
Natural factors, socioeconomic factors, and land use policies are generally the determinants of forest fragmentation [4, 23] . Natural factors, such as climate, hydrology, and topographic condition, are the primary variables that impact ecological processes [7, 22] . The topographic condition may significantly affect the forest fragmentation of a region; therefore, two topographic factors (elevation and slope) were selected for consideration. The driving forces of socioeconomic factors, such as demographic conditions and economic development [14, [22] [23] [24] , are important macro-factors that influence landscape fragmentation, hence, two socioeconomic factors (population and gross domestic product) were selected for consideration. In addition, road [25, 26] , river [4] , urban expansion [15] , and other human activities are major forces of landscape fragmentation; therefore, the following eight proximity factors were selected to reflect the spatial relationship between the responsible determinants and forest fragmentation: distance to city center, distance to towns, distance to railways, distance to highways, distance to national ways, distance to provincial ways, distance to county ways, and distance to rivers.
For the topographic factors, the average values of the slope and elevation of the assessed unit were calculated using a digital elevation model ( Figure 1 ). All proximity factors were calculated based on the Euclidean distance tool in ArcGIS. Population and gross domestic product data were resampled from the dataset of the social and economic database (Figure 4) .
The analysis of spatial data is a step before suggesting dynamic factors to explain the spatial pattern and before estimating more complicated regression models [35] . Spatial autocorrelation is one of the primary problems in spatial data analysis [36] . The degree of spatial autocorrelation can be measured by Moran's I. A positive Moran's I value (value more than 0) indicates a general pattern of clustering in a space of similar values [35] . In the current study, the global Moran's I was used to measure the degree of spatial autocorrelation of forest fragmentation at landscape level.
Spatial regression models were used to reflect the relationship between landscape changes and their determining factors [37] , especially spatial error model and spatial lag model. These two models can identify the spatial factors of landscape change, because they consider spatial dependence and effect. Spatial error model incorporates spatial error dependency, whereas spatial lag model considers spatial lag dependency [37] . Therefore, spatial error model and spatial lag model were used in this study. Spatial error model argues that the dependent variable depends on a set of local indicators and that the error terms are spatially auto-correlated [38] . The model can be expressed as follows [35] :
where ε is a vector of spatially auto-correlated error terms, λ is the spatial autocorrelation coefficient, W is a spatial weight matrix that describes the spatial arrangement of all the spatial units, u is a vector of independently and identically distributed error terms, y is a vector of observations on the dependent variable (the landscape pattern of forest), X is a row vector of spatial characteristics, and β is a matching vector of fixed parameters.
Spatial lag model considers that the event rate in the focal region is jointly determined with that of neighboring regions. The equation can be expressed as follows [35] :
where ρ is the spatial autoregressive, and Wy is a spatially lagged dependent variable for weights matrix W. One of the proper measures of fit of the spatial model is Akaike Info Criterion (AIC), where the lower the value of AIC, the better the fit of the model [35] . Therefore, AIC was used to compare the performance of the two models.
Natural factors, proximity factors, and socioeconomic factors are independent variables, whereas landscape metrics are dependent variables. Each variable was first standardized and normalized via a z-score standardization method. Independent variables were tested by variance inflation factors to avoid multicollinearity and variable redundancy. The global autocorrelation analysis and all regression models were performed on GeoDa1.6.7 software.
Results
Forest Change
The substantial changes in forest landscape during 2000-2015 were calculated through the overlay analysis of four land use maps by ArcGIS and are illustrated in Table 2 . During these periods, forests exhibited sharp loss and few gains, especially during 2010-2015. However, the gross changes of forests increased annually. 
Forest Fragmentation Pattern at Landscape Level
At the total forest landscape level ( Figure 5 ), area-weighted mean patch area, area-weighted shape index, and effective mesh size decreased from 2000 to 2005, increased from 2005 to 2010, and decreased from 2010 to 2015; the change trends of mean Euclidean nearest neighbor index, landscape division index, and splitting index were the opposite. These results showed that the forest landscape was more subdivided, isolated, and regular in the period of 2010-2015. Upon comparing all the selected metrics at different scales and times (Appendix A), the value changes were all concentrated in the southwest of the study region or around the development area. These data indicated that the western area experienced a significant amount of landscape change and forest fragmentation. One of the proper measures of fit of the spatial model is Akaike Info Criterion (AIC), where the lower the value of AIC, the better the fit of the model [35] . Therefore, AIC was used to compare the performance of the two models.
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At the total forest landscape level ( Figure 5 ), area-weighted mean patch area, area-weighted shape index, and effective mesh size decreased from 2000 to 2005, increased from 2005 to 2010, and decreased from 2010 to 2015; the change trends of mean Euclidean nearest neighbor index, landscape division index, and splitting index were the opposite. These results showed that the forest landscape was more subdivided, isolated, and regular in the period of 2010-2015. Upon comparing all the selected metrics at different scales and times (Appendix A), the value changes were all concentrated in the southwest of the study region or around the development area. These data indicated that the western area experienced a significant amount of landscape change and forest fragmentation. Figures 6-8 , respectively. Shrinkage and subdivision processes were the dominant spatial processes during these three periods in the north of the study area; attrition became the main process from 2010-2015. According to the composition of forest areas converted into other land use types, more than 50.00% of the lost forest area was a result of shrinkage and subdivision, and forest land was replaced by cropland and urban land.
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Forest Fragmentation Processes at Pixel Level
The distribution and dynamic changes of forest fragmentation processes in 2000-2005, 2005-2010, and 2010-2015 are shown in Figures 6-8 , respectively. Shrinkage and subdivision processes were the dominant spatial processes during these three periods in the north of the study area; attrition became the main process from 2010-2015. According to the composition of forest areas converted into other land use types, more than 50.00% of the lost forest area was a result of shrinkage and subdivision, and forest land was replaced by cropland and urban land. Sustainability 2017, 9, 374 9 of 20
The distribution and dynamic changes of forest fragmentation processes in 2000-2005, 2005-2010, and 2010-2015 are shown in Figures 6-8 , respectively. Shrinkage and subdivision processes were the dominant spatial processes during these three periods in the north of the study area; attrition became the main process from 2010-2015. According to the composition of forest areas converted into other land use types, more than 50.00% of the lost forest area was a result of shrinkage and subdivision, and forest land was replaced by cropland and urban land. Figure 9 shows the global Moran's I coefficients of all forest fragmentation metrics at two different scales in four years. These values detected the spatial dependence within the neighborhood. In general, most of these coefficients were greater than zero at the two scales, indicating the commonly positive spatial autocorrelation in forest fragmentation in Yingkou region. Therefore, spatial scale effect and autocorrelation should be considered in the analysis of the driving factors of forest fragmentation. All selected forest fragmentation metrics and determinants were introduced into the spatial error model and spatial lag model at two scales in four years. To better reflect the results of this study, Tables 3 and 4 show the suitable models (R 2 value greater than 0.45, and high Akaike info criterion value between two spatial models) and the coefficients of driving factors with a significant effect on forest fragmentation (p value less than 0.05). The results revealed that most of the models performed well; the change of area-weighted mean patch area, area-weighted shape index, and effective mesh Figure 9 shows the global Moran's I coefficients of all forest fragmentation metrics at two different scales in four years. These values detected the spatial dependence within the neighborhood. In general, most of these coefficients were greater than zero at the two scales, indicating the commonly positive spatial autocorrelation in forest fragmentation in Yingkou region. Therefore, spatial scale effect and autocorrelation should be considered in the analysis of the driving factors of forest fragmentation. Figure 9 shows the global Moran's I coefficients of all forest fragmentation metrics at two different scales in four years. These values detected the spatial dependence within the neighborhood. In general, most of these coefficients were greater than zero at the two scales, indicating the commonly positive spatial autocorrelation in forest fragmentation in Yingkou region. Therefore, spatial scale effect and autocorrelation should be considered in the analysis of the driving factors of forest fragmentation. All selected forest fragmentation metrics and determinants were introduced into the spatial error model and spatial lag model at two scales in four years. To better reflect the results of this study, Tables 3 and 4 show the suitable models (R 2 value greater than 0.45, and high Akaike info criterion value between two spatial models) and the coefficients of driving factors with a significant effect on forest fragmentation (p value less than 0.05). The results revealed that most of the models performed well; the change of area-weighted mean patch area, area-weighted shape index, and effective mesh All selected forest fragmentation metrics and determinants were introduced into the spatial error model and spatial lag model at two scales in four years. To better reflect the results of this study, Tables 3 and 4 show the suitable models (R 2 value greater than 0.45, and high Akaike info criterion value between two spatial models) and the coefficients of driving factors with a significant effect on forest fragmentation (p value less than 0.05). The results revealed that most of the models performed well; the change of area-weighted mean patch area, area-weighted shape index, and effective mesh size at the two scales was explained well by the models. The results also showed that spatial lag models were suitable for explaining the relationship between forest fragmentation and driving forces, especially at the 2 km scale. In addition, with increasing block scale, the changes in Euclidean nearest neighbor index were explained well by the spatial lag model in 2000 and 2015. * means p < 0.05, ** means p < 0.01 for the test. b means spatial lag model. Abbreviations: distance to city center (Dis_C), distance to towns (Dis_T), distance to railway (Dis_Rail), distance to highways (Dis_H), distance to national ways (Dis_N), distance to provincial ways (Dis_P), distance to county ways (Dis_X), distance to rivers (Dis_Riv), gross domestic product (GDP), Wy of spatial lag model (W), R-squared (R 2 ), and Akaike info criterion (AIC). The results in this study demonstrated that natural factors (e.g., elevation and slope), proximity factors (e.g., distance to city and distance to province roads), and socioeconomic factors (e.g., gross domestic product) significantly influence forest landscape fragmentation from a spatial perspective. These results also indicated that the determinants and their effects on forest fragmentation varied with scales and times. For example, gross domestic product significantly influenced the area of forest in 2010 and 2015 at 2 km scale, but had an insignificant impact in 2000 and 2005 at 2 km scale and in four years at 10 km scale.
Driving Factors of Forest Fragmentation
Discussion
Forest Fragmentation and Land Use/Cover Change
Land use change is a local environmental issue and a force of global importance [39] . The transformation of natural land use by human activities may pose a severe threat to critical natural resources and ecosystem services [15] , such as biological diversity [13] , forest loss and fragmentation [40] . In Yingkou region, land use changes play an important role in forest fragmentation. Approximately 86.81 km 2 of forest was converted to urban land, cropland, water, or other land from 2000 to 2015 (Table 2 ). More than 80% of forests were converted to cropland during 2005-2010 and 2010-2015. These transitions may be due to the historical development of cropland in the study area and the needs of the growing human population. Despite the extensive transition from forest to cropland, considerable amounts of forest were transformed into urban areas because of the economic benefits of the urban landscape. Other land types were also converted to forest during these periods; the area and proportion of forest both increased because of the forest protection policy in 1998 and 1999 [30, 31] .
The analysis of pattern and processes of forest fragmentation indicated that forest fragmentation had become one of the main problems of land utilization in the study area. For example, at the landscape level (pattern), forest patches were more subdivided and isolated in the period of 2010-2015. At pixel level (processes), shrinkage and subdivision processes, which are the middle phases of landscape change [18] , were the main forest fragmentation processes in all three time periods. Therefore, forest landscape fragmentation should be controlled both at pixel level and landscape level.
Driving Factors of Landscape Fragmentation
The relationship between landscape pattern changes and natural factors, spatial proximity factors, and socioeconomic factors was extensively studied in other regions [4, 9, 23] . In the present study, these factors also significantly influenced forest landscape fragmentation together from a spatial perspective at different scales, such as elevation, slope, distance to city, distance to province roads, and gross domestic product.
Elevation and slope are closely related to forest fragmentation, as explained by the probability of variations in forest fragmentation at 2 and 10 km block scales. The patches of forest were smaller on the gentle slopes, which is similar to the results in the study of Echeverria et al. (2008) . Forests in gentle and low elevation area are always occupied by the expansion of agricultural and urban lands because of their low cost and greater benefits, whereas forests in steep and high elevation area are always protected to maintain region environment.
Distance to city center also influences the area, shape, and isolation of forest in this study and is caused by the distance decay effect of city development. This impact of city on forest fragmentation was also exhibited in Liu et al. (2014) . When a forest is closer to the city centers, the forest is more isolated and has a higher possibility of being converted to agricultural or urban areas.
Road networks have been proven to segregate the forest landscape into smaller pieces and a greater number of patches [25] . This study showed that road networks had different influences on the forest at 2 and 10 km scales in Yingkou region. In particular, the distance to provincial ways had a greater impact on the area and shape of forests than other factors about roads, because of the strong effect and accessibility of provincial ways to neighboring forests.
Distance to rivers significantly influenced the shape of forests at the 2 km scale, indicating that forests would be regular near the rivers; this finding was consistent with the results of Gao and Liu (2012) and inconsistent with the results of Echeverria et al. (2008) . This result is due to the fact that humans would tend to change the land use type around the water area to meet the water needs and other economic benefits in the study area, for example, the forests may be converted to cropland because of the need for sustenance.
Some studies demonstrated that landscape fragmentation was significantly influenced by socioeconomic changes and human demands, such as demographic conditions and economic dynamics [14, 23] . In this study, increased gross domestic product would have an impact on the patterns of forest fragmentation, especially at the 2 km scale. Population significantly affected the isolation of forests only at the 10 km scale because of the scale effect of the forest fragmentation metrics. However, the forest was converted to other land use types, such as cropland and urban land, to meet the demands of growing production and population growth.
Recommendations for Forest Protection
As one of the dominant land use types, forests were reduced by 5.0 km 2 per year in 2000-2015 and became more isolated and subdivided in Yingkou region. Therefore, reasonable and effective measures to protect forest from fragmentation are urgently needed. On one hand, the management of land use change requires a multipronged method. For example, a long-term investigation of the forest should be conducted to identify its dynamic changes and analyze the change of landscape pattern and process from a spatial and temporal perspective. Hence, we can rationally utilize and scientifically manage forest resources, such as protecting the forest from being fragmented. On the other hand, several protective measures should be considered by the government, local communities, and public of the region, including the development of coordinated policies, enforcement of effective law, sustainable use of forest, integrated land-use planning, and adequate monitoring of land-use change [1] . For example, the subdivision process should be controlled and the atrition should be prohibited to protect forest resources in land use planning. In addition, the pattern of forest fragmentation should be considered in the land use planning, both the area of forest patches and the shape, isolation, and subdivision of forest patches that have not been considered in recent land use planning should be taken into account.
Limitations and Further Studies
Although this study assessed forest fragmentation and its determinants at different scales, there are still several limitations. First, the land use data used in this study were sourced from remote-sensing images and other institutions; however, the classification of images cannot be 100% correct, and the spatial misalignment of data may have resulted in incorrectly assessed pattern and processes of fragmentation [20] . Therefore, data processing is critical to reduce the misdetection of fragmentation. Second, the influence of the expansion of urban, roads, and rivers on forest fragmentation is limited to a certain distance [41] . The distance threshold of these factors on forest fragmentation should be further studied to determine detailed the relationship between urban growth and forest fragmentation. Third, the impact of climate on the ecosystem must be considered by using past data. Climate was not considered in this study, but this factor significantly influences forest fragmentation and loss [22, 41, 42] .
Conclusions
This study successfully measured forest fragmentation at landscape and pixel levels from 2000 to 2015 in Yingkou region. Our results revealed that the forest landscape became more subdivided, isolated, and regular between 2010 and 2015 at the total forest landscape level. Results also showed that the dominant forest fragmentation processes were shrinkage and subdivision in the three time periods, and attrition became the main process from 2010 to 2015. Moreover, most forest patches in the three periods were replaced by urban growth and agricultural expansion. The methodology outlined in this contribution could also be used to evaluate landscape fragmentation for wetlands, croplands and other landscape types.
Spatial regression models were used to analyze the driving forces of forest landscape fragmentation in the study area. Our results revealed that elevation, slope, distance to city center, distance to province ways, and gross domestic product were the significant factors that influenced forest landscape fragmentation. This finding indicates that human activities were not the only significant driving factor of forest fragmentation. Natural factors, such as elevation and slope, also have a significant effect on forest fragmentation, and the effect should be further examined. This research provides valuable insights into the driving factors of forest fragmentation and several suggestions, such as the isolation and subdivision of forest patches should be controlled, to guide the pattern and processes of forest fragmentation. Author Contributions: Lei Zhang and Yanfang Liu had the original idea for the study and, with all co-authors carried out the design. Lei Zhang and Xiaojian Wei performed the experiments and analyzed the data; Lei Zhang and Yanfang Liu drafted the manuscript, which was revised by all authors. All authors read and approved the final manuscript.
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